This paper studies the effect of supplier-customer relationship on supplier innovation through a knowledge spillovers channel. We use the geographical distance between a supplier and its major customers to capture knowledge spillovers along the supply chain. To establish causality, we explore plausibly exogenous variation in distance caused by customer headquarters relocations. In a generalized difference-in-differences framework, we show that knowledge spillovers from customers have a positive, causal effect on supplier innovation. Our finding is consistent with the argument that knowledge spillovers facilitated by customer feedbacks and suppliers' frequent interpersonal interactions with customers enhance supplier innovation. We further show that the effect is stronger when the customers are more R&D intensive and are more innovative themselves. Our paper sheds new light on the real effect of knowledge spillovers along the supply chain -its enhancement on firm innovation.
Introduction
A growing literature has examined various effects of supplier-customer relationship on corporate finance decisions, such as capital structure decisions (Kale and Shahrur, 2007; Banerjee, Dasgupta, and Kim, 2008; and Chu, 2012) , cross-ownership (Fee, Hadlock, and Thomas, 2006 ) , mergers and acquisitions (Fee and Thomas, 2004; Shahrur, 2005; Ahern, 2012; and Ahern and Harford, 2013) , and financial distress (Hertzel, Li, Officer, and Rodgers, 2008) . While existing studies have highlighted the importance of the interactions between suppliers and customers along the supply chain in corporate finance, these studies have focused on how supplier-customer relationships affect corporate financial decisions. The existing literature has largely ignored an important impact of supplier-customer relationships: its real effect on corporate investment decisions. In this paper, we focus on a special type of corporate investments -technological innovation, which is critical for a firm's long-term competitive advantages and sustainable growth (Porter, 1992) , and a key underlying channel through which supplier-customer relationship affects innovation -knowledge spillovers.
Supplier-customer relationships could affect corporate innovation through knowledge spillovers in several different ways. First, a close relationship between a supplier and its major customers enables the supplier to learn the specific needs of its customers, and therefore stimulates more research and development (R&D) spending that ultimately leads to technological innovation on the supplier side (Han, Kim, and Srivastava, 1998; Lukas and Ferrell, 2000) . Second, a close supplier-customer relationship helps employees especially researchers on both sides to share knowledge and exchange ideas more efficiently, which helps enhance supplier innovation (Feldman, 1999; Audretsch and Feldman, 2004) . Both suggest that knowledge spillovers between the supplier and its customers enhance supplier innovation. In this paper, we focus on how knowledge spillovers along the supply chain affect corporate innovation.
To tackle this research question, there are two major challenges. First, knowledge spillovers involve soft information production and transmission, which is difficult to directly observe and empirically capture. To overcome this hurdle, we use the geographical distance between a supplier and its major customers to capture knowledge spillovers along the supply chain. Although rapid development of transportation and communication tools in the last few decades has significantly reduced the cost of collecting hard information, acquiring soft information and facilitating knowledge spillovers through interpersonal interactions from a distance is still difficult and costly. Soft information is, by definition, different from hard information and is difficult to put down on paper, store electronically, or transfer to others (Petersen and Rajan, 2002) . Collecting soft information and facilitating knowledge spillovers through frequent interpersonal interactions largely depends on the geographical distance between the parties involved in the supplier-customer relationship. We therefore use a supplier's proximity to its customers to capture knowledge spillovers along the supply chain.
Second, identifying the casual effect of knowledge spillovers on firm innovation is challenging. The location choices of suppliers and customers are likely endogenous and affected by unobservable firm and market characteristics. Thus, a correlation between knowledge spillovers and supplier innovation may tell us little about the causal effect of knowledge spillovers on innovation. We overcome this identification challenge by exploiting plausibly exogenous variation in the geographical distance between a supplier and its major customers caused by customer relocation decisions in a difference-in-differences framework.
One important feature of the supplier-customer relationship based on Compustat segment customer database is that customers are much larger than their suppliers (i.e., more than 100 times larger in terms of total assets on average). This feature allows us to use customer firm headquarters relocations as plausible exogenous shocks to the geographical distance between the supplier and its customers, because arguably large customers are unlikely to change their headquarters in response to factors related to their suppliers that are much smaller than them. Using a generalized difference-in-differences method, we find that the geographical distance between the supplier and its major customer has a negative effect on the quantity, quality, and efficiency of supplier innovation, which are measured by patent counts, number of citations per patent, and the ratio between patent counts and R&D investment accumulated (and depreciated) over the last five years, respectively.
To further establish causality, we address various concerns of our baseline identification strategy. First, one potential problem of our identification strategy is that customer relocation decisions could be correlated with local conditions that affect supplier innovation. For example, customers may move to the city where the supplier locates because the city has favorable economic and social conditions, which can also positively affect supplier innovation. The same argument applies if customers move away from the city where the supplier locates in response to unfavorable economic and social conditions. To address this concern, we explicitly exclude customer relocations in which the customer is either moving to or moving away from the metropolitan areas where the supplier locates. We find that the results remain robust.
Second, while customers are much larger than their suppliers and hence it is unlikely that customer relocate their headquarters simply for reasons related to the innovation of suppliers, we cannot completely rule out this possibility if we do not exactly observe customer moving reasons. To address this concern, we manually search news for the exact reasons of customer relocations. We exclude customer relocations due to reasons that are related to suppliers and only include customer relocations that are categorized as for exogenous reasons. 1 We obtain similar and even stronger results.
Third, because our baseline results hinges on the interaction between the suppliercustomer pair, if our baseline results are not spurious, the documented effect should be absent if we artificially assign any two firms in a pair of supplier-customer relationship. We conduct a falsification test to test this conjecture. For each pair of supplier-customer in our sample, we create an artificial customer by finding a matched non-customer firm (based on 3-digit SIC industry classifications and firm assets) that best resembles the customer firm.
We find that the effect of a supplier's proximity to a randomly assigned customer on its innovation is mixed and statistically insignificant, which suggests that our baseline results are not driven by chance and spurious.
Finally, there still exists a remaining potential concern that an omitted variable coinciding with customer relocations could be the true underlying cause of changes in supplier innovation. If this is the case, then the changes in supplier innovation we attribute to customer headquarter relocations reflect mere associations rather than a causal effect. Our baseline identification strategy employs shocks (customer relocations) that affect different firms at different times. Hence, it is unlikely that an omitted variable unrelated to customer relocations would fluctuate every time (or even most of the times) customer relocation occurs. Therefore, our strategy of using multiple shocks due to customer relocations over time mitigates this concern. Still, we address this possibility by conducting another falsification test. Specifically, we begin by obtaining an empirical distribution of the relocation timing of customers in our sample. Next, we randomly assign the customer relocation timing (without replacement) to the customers who actually relocate their headquarters during our sample period. This approach maintains the distribution of customer relocation years from our baseline specification, but it disrupts the proper assignment of customer relocation years. Therefore, if an unobservable shock occurs at approximately the same time as the customer relocation years, it should still reside in the testing framework, and thus have an opportunity to drive the results. However, if no such shock exists, then our incorrect assignments of customer relocation years should weaken our results when we re-estimate the baseline tests.
Indeed, we find these falsely assumed customer reallocations have no effect on innovation.
After demonstrating that there appears a positive, causal effect of knowledge spillovers from customers on supplier innovation, we explore possible underlying mechanisms through which knowledge spillovers affect firm innovation. We postulate that if knowledge spillovers between suppliers and customers are truly the driving force along the supply chain that affect supplier innovation, we expect the change in geographical distance to have a more significant effect on supplier innovation when the customer is more active in innovation activities. We find that the effect of distance on supplier innovation is stronger when customers have higher R&D expenditures and higher innovation output. We also postulate that if knowledge spillovers are truly the driving force along the supply chain that affects supplier innovation, proximity should positively attribute to the technological interactions between the supplier and its customers. We use cross-citations to capture technological interaction and find that distance has a negative effect on the number of customers' patents being cited by the supplier's patents.
The rest of the paper is organized as follows. Section 2 discusses related literature.
Section 3 describes the data and sample construction. Section 4 presents our main empirical results, and section 5 concludes.
Related Literature
This paper contributes to three strands of literature. First, our paper contributes to the growing literature on the interaction between supply chain relationships and corporate finance. Fee and Thomas (2004) find that mergers and acquisitions have negative effects on suppliers but insignificant effects on customers. Fee, Hadlock, and Thomas (2006) study the cross-ownership of firms along the supply chain and show customer's equity ownership in the supplier mitigates hold up problem and financial market frictions. Shahrur (2005) examine the effect of leverage on relationship-specific investments between suppliers and customers.
The results suggest firms choose leverage to incentivize their customers and suppliers to make relationship-specific investments. Hertzel, Li, Officer, and Rodgers (2008) focus on the wealth effects of financial distress on suppliers and customers and find that firms in financial distress negative affect their suppliers and customers. Chu (2012) examines the effect of supplier competition on customer capital structure and finds that intense supplier competition causes the firm to lower leverage. In a recent paper, Chu, Huang, and Zhang (2014) find that asymmetric information between the supplier and its supplier can mitigate the holdup problem.
Second, our paper contributes to the emerging literature on finance and innovation. This literature examines the effect of various market and firm factors on corporate innovation, such as competition (Aghion, Harris, Howitt, and Vickers, 2001) , bankruptcy laws (Acharya and Subramanian, 2009) , labor laws and labor union (Acharya, Baghai, and Subramanian, forthcoming; Acharya, Baghai, and Subramanian, 2014; and Bradley, Kim, and Tian, 2013) , investor failure tolerance (Tian and Wang, 2014), stock liquidity (Fang, Tian, and Tice, 2013) , firm boundaries (Seru, 2014), financial market development (Hsu, Tian, and Xu, 2014) , analyst coverage (He and Tian, 2013) , and banking competition (Cornaggia, Mao, Tian, and Wolfe, 2013) . Our paper is the first to explore the effects of knowledge spillovers along the supply chain on corporate innovation. The supply chain aspect of innovation can potentially be important as more and more firms outsource many of their inputs to third party suppliers.
Finally, our paper is related to the literature on knowledge spillovers. Most early literature on the relation between innovation and knowledge spillovers extends the knowledge production function framework of Griliches (1979) and Pakes and Griliches (1984) by adding a spatial element to the knowledge production function, and then estimates the augmented knowledge production function at the geographic unit level. Jaffe (1989) finds that firms innovate more if other firms or academic research institutions in the same area are also more innovative. Later studies largely followed Jaffe (1989) 's methodology and test the theories with refined innovation output and input measures (e.g., Acs, Audretsch, and Feldman, 1992; Anselin, Varga, and Acs, 1997; Autant-Bernard, 2001b; Autant-Bernard, 2001a; and Black, 2005) .
While most of these studies find evidence consistent with knowledge spillovers, they suffer from two inherent problems. First, these studies are unable to identify the sources and beneficiaries of knowledge spillovers and therefore the exact mechanisms of knowledge spillovers. Our paper, by focusing on supplier-customer pairs, is able to explicitly identify knowledge spillovers between two firms and therefore is able to shed more light on the underlying mechanism of knowledge spillovers. Second, most existing studies suffer from the inherent endogeneity of location choices. Our paper addresses the identification issue by relying on plausibly exogenous variation caused by customer headquarters relocation.
Data and Sample Construction

The sample
Our sample consists of all supplier-customer pairs that can be identified in Compustat between 1976 and 2009. We exclude utility firms (SIC code from 4900 to 4999) and financial firms (SIC code from 6000 to 6999) from our sample because these two industries are highly regulated. We also exclude non-innovative firms that file zero patents throughout our sample period. According to the FASB 14 (1976) and 131 (1997) , public firms are required to disclose customers who account for at least 10% of total sales, which allows us to identify major customers for a given firm.
A practical difficulty is that, while these disclosures are available in the Compustat segment files, the primary customers are only reported with abbreviated names and without any other identifiers. To address this problem, we use a method similar to that of Fee and Thomas (2004) to match the reported customer names to Compustat firms. From the Compustat segment data file, we first exclude all of the customers that are reported as governments, regions, or militaries. We then run a text matching program to find the potential matches of the reported customer name with the Compustat firm names. The program requires all of the letters in the reported customer name to be sequentially presented in the potential match. To ensure matching accuracy, we manually identify customers from the matched pairs from the text matching program. If there are multiple potential matches and we cannot choose the unique match by screening the available public information (Firm web sites, annual reports, and Google), we conservatively exclude all these possible firmcustomer pairs. Finally, we drop all pairs in which the reported customer is in the retail industry (SIC code 5200 to 5999). Our sample selection procedure results in a total of 8,645 firm customer pairs and 35,153 firm customer years. From the 35,153 firm year observations, we delete any observations for which the total assets or sales are either zero or negative and firm-year observations with missing data.
While the existing literature typically uses a firm's headquarters reported in Compustat to identify a firm's physical location, one problem with the Compustat location data is that it only provides a snapshot of state and county information of firms' headquarters locations. To correct for this deficiency, we use Compact Disclosure, Corporate Library, and the Fortune Magazine to identify corporate headquarter relocations of customer firms. We are able to find 254 relocation cases, 44 of which are cross-state relocations and 193 of which are cross-city relocations. To capture meaningful relocations, we focus on those cross-city relocations. The cross-city relocations sample includes 2,933 firm-year observations, and 1,018 supplier-customer pairs with 869 unique suppliers and 120 unique customers.
Variable measurement
Measuring innovation
We construct innovation variables using the NBER patent citation database initially created by Hall, Jaffe, and Trajtenberg (2001) . This database provides detailed information on more than three million patents granted by the United States Patent and Trademark Office (USPTO) from 1976 to 2006. The patent database provides information on patent assignee names, 3-digit patent technology classes, and the number of future citations received by each patent. We then augment the NBER database with the Harvard Business School patent network dataverse to extend the coverage to 2010.
Based on the augmented patent database, we construct two measures for innovation output. The first measure is the number of patent applications filed in a year that are eventually granted. This measure captures the quantity of innovation output. To capture the quality of innovation output, we construct a second measure by counting the total number of future citations a patent receives in subsequent years.
Following the existing literature, we adjust the output measures for two types of truncation problems. The first truncation problem arises as patents appear in the database only after they are granted and it may take several years for the USPTO to approve a patent. For example, if one firm files a patent application in 2009, and the patent is approved in 2011, the patent will not be included in our measure of patent output for 2009. To adjust this truncation bias, we follow Hall, Jaffe, and Trajtenberg (2001) to use the "weight factors" computed from the application-grant empirical distribution to adjust the patent counts. The second truncation problem arises as patents keep receiving citations over a long period, but we only observe the citations received up to 2010. We follow Hall, Jaffe, and Trajtenberg (2001) to adjust the truncation bias in citation counts by using the citation-lag distribution.
In addition to the two innovation output measures described above, we construct an innovation efficiency measure, which captures innovation output per unit of input, in which the innovation input is measured by R&D capital accumulated over the previous five years.
Specifically, we follow Hirshleifer, Hsu, and Li (2013) to define accumulated R&D capital as the sum of R&D investment that is depreciated by an annual rate of 20% in the previous five years.
Finally, as shown in previous literature, the distribution of patent counts and citation counts is right skewed. We therefore use the natural logarithm of one plus the citation counts (Log Cites), and one plus innovation efficiency (Log IE ) as the innovation measures in our analysis.
Measuring distance and control variables
We calculate the distance variable as the geographical distance between the headquarters of the supplier and the headquarters of the customer. We collect information on historical headquarters addresses from Compact Disclosure and Fortune Magazine to augment the current headquarters address information in Compustat (Pirinsky and Wang (2006)). For each supplier and customer, we obtain the pair of latitude and longitude coordinates (measured in degrees of decimal) of its headquarters from the U.S. Census Bureau's Gazetteer City-State File. Because of the earth's near-spherical shape (technically an oblate spheroid), calculating an accurate distance between two points requires the use of spherical geometry and trigonometric math functions. We therefore convert latitude or longitude from decimal degrees to radians by dividing the latitude and longitude values by 180/n, or approximately 57.296. Because the radius of the Earth is assumed to be 6,378.8 kilometers, or 3,963 miles, we use the Great Circle Distance Formula to calculate mileage between two pairs of latitudes and longitudes: 3963 × arccos[sin(Lat 1 ) × sin(Lat 2 ) + cos(Lat 1 ) × cos(Lat 2 ) × cos(Long 2 − Long 1 )] (1) where Lat 1 and Lat 2 (Long 1 and Long 2 ) represent the latitudes (longitudes) of two points respectively. Because the distribution of distance is right skewed, we compute the natural logarithm of the distance (Log Distance) and use it as the main variable of interest.
We follow the existing literature to control for a vector of firm characteristics that may affect a firm's innovation output. The control variables include R&D Investment (R&D Expenditure divided by total assets), Firm Size (natural logarithm of total assets), ROA (operating income divided by total assets), Tobin's Q (market value of assets divided by book value of total assets), Leverage (total debt divided by market value of assets), Sales Growth (growth rate of sales), Cash (cash holding divided by total assets), Tangibility (total property, plant, and equipment divided by total assets), Cap Ex (capital expenditures divided by total assets), Log Age (Log of years listed in Compustat). In some specifications we also include customer characteristics, which are similarly defined as the supplier variables. All variable definitions are in Table 1 . Table 2 provides summary statistics of the variables used in this study. An average supplier has about 13 patents a year, and each patent receives 9 future citations. These numbers are higher than those typically reported in previous innovation studies using Compustat firms for two possible reasons. First, we focus only on innovative suppliers, i.e., suppliers produced at least one patent over the sample period. Second, suppliers with reported customers often make relation-specific investments (Kale and Shahrur, 2007; Banerjee, Dasgupta, and Kim, 2008; Chu, 2012) , which results in a higher level of innovation output.
Summary statistics
The average distance between a supplier and its customer is 930 miles with a standard deviation of 890 miles. All other firm characteristics are comparable to those reported in the existing studies. Comparing the summary statistics of supplier variables with customer variables, one observation stands out. Customer firms are much larger than supplier firms, in fact they are about 123 times larger than supplier firms on average. This feature of the data is critical for our identification strategy used in this paper because these large customers are unlikely to change headquarters locations due to customer related factors given their suppliers are much smaller (and hence much less important) compared to them.
Empirical Results
Baseline specifications and results
Identify the causal effect knowledge spillovers measured by the physical distance between the supplier and its major customers on its own innovation output is challenging, because geographical concentration and economic outcomes are often simultaneous determined. Specif-ically, in our setting, the location choices of suppliers or customers and innovation activities could be simultaneous determined by unboservables that may seriously bias our estimation. Therefore, it is very difficult to make causal inferences from the standard Ordinary Least Square (OLS) regressions, in which innovation measures are regressed on distance measures.
To overcome this hurdle and establish causality, our identification strategy relies on one critical feature of the U.S. supplier-customer relationship observed from the Compustat segment customer database, i.e., customers are much larger than their suppliers (more than 100 times larger on average). Arguably, those large customers are unlikely to change their headquarters locations for reasons that are closely related to the innovation of their suppliers that are much smaller compared with them. Therefore, our baseline analysis uses a difference-in-differences approach that relies on the plausibly exogenous variation in distance driven by customer headquarters relocations for identification. Specifically, we estimate the following model:
where i indexes firm, t indexes time, and j indexes industry. The dependent variable in this model is our measure of the supplier's innovation quantity Log Patents, or quality Log Cites. X it is a vector of supplier and customer characteristics. We include both the year fixed effects, Y ear t , and supplier-customer pair fixed effects, P air ij , in our regression. This specification is a generalized difference-in-differences specification because the variation in We report the regression results estimating in Table 3 . Panel A shows the regression results of innovation quantity measured as Log Patents in years t + 1 to t + 3. The coefficient estimates on Log Distance are all negative and statistically significant, suggesting a negative relation between the geographical distance between the supplier and its major customers on the supplier's subsequent innovation patent counts. The economic effect is sizeable: One standard deviation increase in distance from its mean leads to a 7% decrease in patents filed
in one year. The results in Column (2) and (3) suggest that the effects extend to patent filings in two and three years, respectively.
Panel B shows the results for innovation quality measured as Log Cites. Since the dependent variable is only well defined if the supplier produces at lease one patent in a year, we therefore exclude all firm-year observations in which the supplier does not produce any patent. The coefficient estimates on Log Distance are again all negative and statistically significant in all three columns, suggesting that a long distance between a firm and its major customers negatively affects the quality of its patents generated in subsequent years.
The economic effect of distance is large: One standard deviation increase in distance from its mean leads to a 12.5% decrease in the number of citations received per patent in the following year.
Lastly, Panel C shows the results for innovation efficiency. We exclude all firm-year observations in which the supplier has zero total R&D expense over the last five years because the accumulated R&D expenses appears on the denominator of the innovation efficiency measure. The coefficient estimates on Log Distance are negative in all three columns and are statistically significant in columns (2) and (3). The evidence suggests that a firm's proximity to its major customers negative affects a firm'ss innovation efficiency.
Addressing identification challenges
In this subsection, we undertake additional analyses in the difference-in-differences framework to address a few concerns on our main identification strategies, which could contaminate our inferences from the baseline analysis.
First, the key identification assumption in our baseline tests is that the customer's relocation decisions are uncorrelated with factors that may potentially affect a supplier's innovation activities. However, this identification assumption could be potentially violated if: (1) the customer is in the same location as the supplier before relocation and then moves away from the current location due to unfavorable local economic conditions;
(2) the customer relocates to the same location as the supplier due to favorable local economic conditions. In the first case, unfavorable local economic conditions drive away the customer (and thus increase the distance between the supplier and the customer) and meanwhile decrease supplier innovation. In the second case, favorable local economic conditions attract the customer (and thus decrease the distance between the supplier and the customer) and meanwhile increase supplier innovation. Both cases may create spurious correlation between distance and supplier innovation. To address these concerns, we exclude customer headquarters relocations in which the customer either moves away from or moves to the same state as the supplier.
We repeat our analysis in this restricted sample.
We report the results in In an untabulated analysis, we repeat the analysis in a sample in which we exclude customer headquarters relocations in which the customer either moves away from or moves to the same city as the supplier. We get even stronger results. Overall, our evidence suggests that the negative effect of the geographical distance between the supplier and its major customers documented in the baseline analysis is unlikely to be driven by local economic conditions that also affect customer relocation decisions.
Second, another concern regarding our identification is that although customers are much larger than their suppliers and hence it is unlikely that they relocate their headquarters for reasons related to the innovation of suppliers, we cannot completely rule out this possibility if we do not exactly observe their moving reasons. Hence, we make a news search for the exact reasons of customer relocations. Among all the relocation cases, we are able to find relocation reasons for 43 cases. We then categorize the moving reasons into eight categories:
(1) close to customer, (2) close to supplier, (3) retain or attract top executives, (4) low labor cost, (4) low real estate and living cost, (5) internal restructuring, (6) merger and acquisition related, (7) local government incentives, (8) reduce travel cost. Among these categories, only two categories, close to supplier and reduce travel cost, are potentially related to supplier unobservable characteristics. We therefore exclude observations of customer relocations that fall into these two categories and observations of customer relocations for which we cannot identify their exact relocation reasons. We then re-estimate Equation 2 in this restricted sample.
We report the results in Table 5 . The coefficient estimates on Log Distance are negative and statistically significant in all regressions. This finding suggests that our baseline results are unlikely to be driven by customer relocation decisions that are correlated with supplier innovation activities.
Third, our baseline results hinges on the interaction between the supplier-customer pair, which means that one should not expect to observe our main results if we artificially assign any two firms in a pair of supplier-customer relationship. We conduct a falsification test to confirm this conjecture. For each pair of supplier-customer in our sample, we create an artificial customer by finding a matched non-customer firm that best resembles the customer firm (we match firms by in 3-digit SIC industry and book value of firm assets). We then assign this matched firm to the original supplier to create our artificial supplier-customer pair in the falsification test. We rerun the regressions estimating Equation 2 using the geographical distance between the supplier and this matched customer firm.
We report the results in Table 6 . In all three panels, the coefficient estimates on Log Distance have mixed signs and none of them is statistically insignificant. This falsification test result suggests that our baseline results are absent in artificially assigned suppliercustomer pairs and supplier-customer specific knowledge spillovers drive our baseline results.
Finally, there exists a potential concern that an omitted variable coinciding with customer relocations could be the true underlying cause of changes in supplier innovation. If this is the case, then the changes in supplier innovation we attribute to customer headquarter relocations reflect mere associations rather than a causal effect. Our baseline identification strategy employs shocks (customer relocations) that affect different firms at different times. Hence, it is unlikely that an omitted variable unrelated to customer relocations would fluctuate every time (or even most of the times) customer relocation occurs. Therefore, our strategy of using multiple shocks due to customer relocations over time mitigates this concern.
Still, we address this possibility by conducting another falsification test. Specifically, we begin by obtaining an empirical distribution of the relocation timing of customers in our sample. Next, we randomly assign the customer relocation timing (without replacement)
to the customers who actually relocate their headquarters during our sample period. This approach maintains the distribution of customer relocation years from our baseline specification, but it disrupts the proper assignment of customer relocation years. Therefore, if an unobservable shock occurs at approximately the same time as the customer relocation years, it should still reside in the testing framework, and thus have an opportunity to drive the results. However, if no such shock exists, then our incorrect assignments of customer relocation years should weaken our results when we re-estimate the baseline tests.
We report the results in Table 7 . None of the coefficient estimates on Log Distance is statistically significant and the magnitudes of coefficient estimates are also small. These nonresults corroborate the notion that our paper's main results are not driven by an omitted variable.
In addition to the above tests, our results remain robust if we control for additional supplier and customer characteristics in the regressions. In fact, the magnitudes of the coefficients on Log Distance do not change much when we change the number of control variables. However, standard deviations do change when we increase or decrease the number of control variables, which further suggests that customer relocation decisions are likely exogenous (Roberts and Whited, 2012).
Possible mechanisms
In this subsection, we explore possible underlying economic mechanisms through which the geographical distance between the supplier and its major customers affects supplier innovation. If knowledge spillovers drive the results as we postulated, the effect should be stronger if the customer is also innovation intensive and the innovation activities of supplier and customer are more connected. To test this conjecture, we add two interaction terms in our baseline regressions: the interaction between Log Distance and customer R&D expenditures and the interaction between Log Distance and the number of patents the customer has.
We present the results in Table 8 . The coefficient estimates on the interaction terms are all negative, but are statistically significant mainly in Panel C in which the supplier's innovation efficiency is examined. Overall, these results suggest the effect of Log Distance on supplier innovation efficiency is stronger when the customers spend more on R&D or produce more innovation output. The evidence is consistent with the argument that knowledge spillovers from the customer to the supplier are an important channel through which the distance affects supplier innovation.
One implication of the knowledge spillovers mechanism is that a shorter distance between the supplier and its major customers should facilitate the interactions between them. It is, however, very difficult, if not impossible, to measure physical interactions between the supplier and its customer. We therefore focus on technological interactions between the supplier and its customer to examine whether shorter distance facilitates more technological interactions. To this end, we use cross-citations to measure technological interactions. Specifically, we use the natural logarithm of one plus the number of times that a supplier's patent cites a customer's patent (Log Cross Citation). We then run a regression similar to Equation 2, with the dependent variable replaced with Log Cross Citation. We report the results in Table 9 . Consistent with our conjecture, the coefficient estimates on Log Distance are all negative and statistically significant, which suggests that a short distance between the sup-plier and its customer facilitates technological interactions between them, which positively contributes to the innovation output and efficiency of the supplier. The result is consistent with the argument the geographical distance affects supplier innovation through its effect on facilitating technological interactions between the supplier and its major customers.
Conclusion
In this paper, we examine the effect of supplier-customer relationship on supplier innovation through a knowledge spillovers channel. We use the geographical distance between a supplier and its major customers to capture knowledge spillovers. To establish causality, we explore plausibly exogenous variation in distance caused by customer headquarters relocations. In a generalized difference-in-differences framework, we show that knowledge spillovers from customers have a positive, causal effect on supplier innovation. Our finding is consistent with the argument that knowledge spillovers facilitated by feedback provided by customers and frequent interactions with customers enhance supplier innovation. We also find that the effect of knowledge spillovers on supplier innovation is stronger when the customers are more R&D intensive and are more innovative themselves. Our paper provides new insight onto the real effect of knowledge spillovers along the supply chain its enhancement on firm innovation. Table 1. Year fixed effects and supplier-customer pair fixed effects are included in all regressions. Robust standard errors are reported in parentheses below coefficient estimates. Significance levels at 10%, 5%, and 1% levels are denoted by *, **, and ***, respectively.
Panel A: Number of Patents
(1) (2) Year fixed effects and supplier-customer pair fixed effects are included in all regressions. Robust standard errors are reported in parentheses below coefficient estimates. Significance levels at 10%, 5%, and 1% levels are denoted by *, **, and ***, respectively.
(1) (2) Table 1. Year fixed effects and supplier-customer pair fixed effects are included in all regressions. Robust standard errors are reported in parentheses below coefficient estimates. Significance levels at 10%, 5%, and 1% levels are denoted by *, **, and ***, respectively.
(1) (2) Table 9 : The mechanism-the number of times a supplier's patent cites its customer's patent This table reports the regression results of the model Innovation iτ = α + βLogDistance ijt + γ ′ X it + Y ear t + P air ij + ε ijt . The dependent variable is Log Cross Citation, which is defined as the number of times a supplier's patent cites its customer's patent. Definitions of other variables are listed in Table 1. Year fixed effects and supplier-customer pair fixed effects are included in all regressions. Robust standard errors are reported in parentheses below coefficient estimates. Significance levels at 10%, 5%, and 1% levels are denoted by *, **, and ***, respectively.
(1) (2) 
